ABSTRACT: This paper examines the volatility linkages among the fear index (VIX), the developed stock market volatility index (VXEFA), and the emerging stock market volatility index (VXEEM). We find significant cross-market dependencies in first as well as in second moments of volatilities. The fear index has leading role and has information content for both developed and emerging markets. A volatility shock to the fear index spillovers to the developed and emerging markets and able to explain about 57.07% and 63.77% of their unexpected volatility shocks, respectively; the effect of the shock persists for about 7 days. We further analyse the cross-market dependencies in second moments of volatilities and find that the correlations among the markets are time-varying not constant. Both developed and emerging markets are highly correlated with the fear index, and the fear index drives the correlation dynamics of the emerging markets. The dynamic correlations increase in turbulent periods and decreases in tranquil periods. Our findings have important implications for the international portfolio diversification, hedging and risk management.
Introduction
The degree of world stock market integration has been increasing over the past two decades due to economic integration through trade and financial linkages which has led to an increase in equity returns correlations among stock markets across the globe (see Bekaert and Harvey 2014) . It is known that the high degree of stock market correlation evaporates the benefits of diversification available in the investment opportunity set to international investors. However, empirical evidence suggests that many of the emerging markets are not yet completely integrated into the global stock markets rather still segmented; moreover, they find that emerging market equities have high returns, high risks, and lower correlations with the developed market equities, usually these characteristics attract international investors (see Bekaert et al., 2011; Bekaert and Harvey, 2014) . Emerging markets are economically linked with the US and other developed markets through trade and investments thus the emerging market volatilities (risks) may be dependent on the US and other developed markets volatilities (risks).
We know that market volatility vary much more than market returns so inter-market volatilities should reveal the dynamics of market integration and spillovers effect much better than market returns (see Peng and Ng, 2012) . We rely on the forward-looking volatility indices the VIX, VXEFA, and VXEEM reflecting the volatilities of the US, emerging and other developed stock markets (excluding the US), respectively. The Chicago Board of Options Exchange (CBOE) has launched, VXEEM, for the for emerging stock markets on March 16,2011, and on June 27, 2013, VXEFA, for developed stock markets the history of the latter goes back to January 2, 2008. VXEEM is calculated from options traded on the underlying the iShare MSCI Emerging Markets ETF (which provides exposure to 26 emerging stock stock) whereas VXEFA is calculated from options traded on the underlying iShares MSCI EAFE ETF (which provides exposure to 24 developed stock markets i.e. developed Europe, Australasia and Far eastern countries). We use the above forward-looking volatility indices rather than historical market volatilities because volatility index such as VIX is now widely considered investors fear gauge because it is implied from a cross-section of put and call options on the S&P 500 stock market index. It is known that the stock index puts are usually used by investors for hedging their underlying stock portfolios. Therefore, volatility index better reflects investor's expectation about the future stock market volatility than any other volatility measure (see Blair et al.,2001) . It also reflects overall investors risk aversion in the stock market which is fundamental for portfolios (Bollerslev et al., 2009 ). Other main advantage of using volatility indices is that a variety of volatility derivatives are traded on the CBOE on these volatility indices such as options and futures; therefore, these volatiyt derivatives facilitate to hedging and diversification of risks associated with the underlying international equity portfolios.
Thus, international investors would like to know the answers of the following questions. Can unexpected shock to the US stock market volatility predict the unexpected risk of emerging market volatility or developed market volatility and vice versa? And for how many days the effect of an unexpected shock on the volatility will persist? How they are linked in terms of second moments of volatilities? Are their correlations time-varying or static? And dynamic correlations behave differently during turbulent and tranquil periods? It is important that international investor understand the cross-volatility linkages and correlation dynamics so they could optimally decide on their portfolios and to take adequate decisions to manage their risks.
Volatility literature provide empirical evidence on the market integration and volatility spillover effects across the developed markets such as the US and European markets (Nikkinen and Sahlström 2004; Skiadopoulos 2004; Nikkinen et al. 2006; Äjiö 2008; Jiang et al. 2012; Peng and Ng, 2012; Kenourgios, 2014) . Äijö(2008) investigates volatility linkages between European volatility indices (VDAX, VSMI and VSTOXX). He finds that the volatility indices are highly correlated and implied volatility indices vary over time, the VDAX being the dominant source of volatility information. VDAX can explain the variance of the forecast errors of the VSTOXX and VSMI about 65% and 35%, respectively. Nikkinen and Sahlström (2004) study the degree of market integration between the US, UK, German and Finnish stock markets using implied volatility indices. Similarly, they find a high degree of integration among these markets: while the US market is the leading source of information transmitting to other markets generally, in the European context the German market leads other European markets. Jiang et al. (2012) investigates implied volatility linkages between the US and many European stock markets. They find significant spillovers between the US and Europe and spillovers within Europe. Moreover, they provide evidence of volatility contagion across markets during the global financial crises of 2008. Peng and Ng (2012) study the inter-dependence among five major US, European and Japanese volatility indices (VIX, VXN,VDAX, VFTSE, and VXJ) and show that they are highly correlated and the dependence between volatility indices is effected by financial shocks reveals information much faster than the underlying stock market indices. A recent study by Kenourgios (2014) study the volatility contagion across US and European volatility indices (VIX, VCAC, VDAX, VFTSE, VSMI) using the Asymmetric dynamic conditional correlation GARCH model of Cappiello et al. (2006) . He finds volatility indices highly correlated, and their correlations are time-varying not constant, and their correlations considerably increases during the crises periods.
Our study builds on the above literature but differs from the existing research in two respects. We study volatility spillovers across the US stock market, the emerging stock market, and the rest of the developed stock market. To our knowledge, our study is the first to investigate the implied volatility spillovers among the US, the developed and the emerging market using data on the newly introduced CBOE volatility indices. Second, we use multivariate GARCH model of Cappiello et al. (2006) to analyse the dependencies and spillovers effects in second moments of volatilities across markets.
Our main findings are that there is considerable volatility spillover from the fear index (the VIX) to the developed and emerging market volatility indices. The dependencies and spillovers are found by analysing both moments of volatilities. The fear index has a leading role and has predictability for emerging and developed market volatilities; however, we also find emerging markets informative for developed markets but not vice versa. The effect of a unit VIX risk shock has persistent effects (for about 7 days ahead) on emerging and developed market volatilities. Moreover, the fear index risk shock spillovers to developed and emerging markets risks about 57.07%, and 63.77%, respectively.
We also analyze the interdependencies in second moments of volatilities (i.e. voaltilties of volatilities) by using ADCC-GARCH model. The results shows voaltilty indices are highly persistent and present asymetries in volatility to negative and positive shocks. Second, the correlations between these markets are time-vayring therefore we reject the assumpiton of contant correlations. Third, the fear index is dynamically correlated with the developed and emering markets and particularly it drives persitently the correlations of emerging market volatilies; however, the dynmic correlation between the developed and emerging market is volatile and less persistent. Finally, time-vayring correlations increases in turnbulent periods and decrease in tranquil periods. This paper is organized as follows. In Section 2, we discuss the data. In Section 3, we study the cross-market linkages in first moments of volatilities. In Section 4, we study crossmarket linkages in second moments of volatilities. Lastly, section 5 concludes.
Data
We obtain daily data on the VIX, VXEFA, and VXEEM from the Chicago Board of Option worldwide stock market fall, and a spike of 55% can be seen in the VXEEM on that day, the levels of VIX hit 36% and VXEFA 41%. The high volatility levels continue until the end of September, 2015. Table 1 present summary statistics for the volatility levels. As can be seen, on average VXEEM has the highest level followed by VXEFA, and VIX. During the sample period, the maximum level the VXEEM has ever reached is 64%, the VXEFA with about 59% and the VIX about 48%. All three volatility indices are positively skewed and present excess kurtosis. First order autocorrelations for all three volatility indices are reported in row 10, which show all three volatility indices are highly persistent. The Augmented Dicky Fuller (ADF) tests on levels data, we can easily reject the null hypothesis of unit root for the VIX, VXEFA, and VXEEM.
Last three columns of Table 1 provide summary statistics for log changes in the VIX, VXEFA, and VXEEM, respectively. Mean values of log volatility changes are about zero; however, there are dispersions on a daily basis as can be seen from the maximum, minimum, and standard deviation. All three volatility indices are positively skewed, which suggest that big positive changes in the volatility indices occur more frequently than big negative changes.
All three indices show excess kurtosis. The excess kurtosis in the volatility indices suggest that big volatility changes occur more frequent in comparison to the normally distributed volatility changes. Based on the ADF tests on the log changes data, we can reject the null hypothesis of unit root at 1% level.
Cross-market Linkages in First Moments of Volatilities

VAR Framework
We investigate the dynamic cross-market linkages in first moments of VIX, VXEFA, and VXEEM changes in the Vector Autoregressive (VAR) framework. The VAR model can capture the dynamic impact of random innovations on a system of variables. It treats each endogenous variable in a system as a function of the lagged value of all endogenous variables in a dynamic simultaneous equations system. The VAR model for log changes in the VIX, VXEFA, and VXEEM can be specified as follows:
is an mx1 vector of endogenous variables representing the daily log changes in the volatility indices;   In Table 2 , we provide coefficient estimates for the VAR(2) model and t-statistics in squared brackets. For ΔVIXt, we receive a negative and significant coefficient estimate on
ΔVIXt-1 implying that there is a negative autocorrelation in ΔVIX, this shows mean-reversion property in the VIX level. However, the coefficient estimate on ΔVIXt-2 is statistically insignificant. While the coefficient estimate on the ΔVXEFAt-1 for ΔVIXt is found to be negative and insignificant whereas the coefficient estimate on ΔVXEEMt-1 is positive but similarly found to be insignificant, suggesting that developed and emerging markets volatilities do not effect significantly the volatility of the US stock market.
For ΔVXEFAt, we receive a negative and significant coefficient on ΔVXEFAt-1 and ΔVXEFAt-2 implying that there is a negative autocorrelation in ΔVXEFA, this also indicates mean-reversion property in the VXEFA. We find positive and statistically significant coefficients on ΔVIXt-1, and ΔVIXt-2 at 1% level, suggesting that the VIX can predict at a large extent the volatility of developed stock markets. On the other hand, we receive positive and significant coefficients on ΔVXEEMt-1 , ΔVXEEMt-2 at 1% and 5% level respectively for ΔVXEFAt, suggesting that the emerging market volatility contain significant volatility information content for the VXEFA.
Finally, for ΔVXEEMt, we find negative and significant coefficients on ΔVXEEMt-1 and on its lag 2, confirming mean-reversion in the VXEEM. We find positive and significant coefficients on ΔVIXt-1, and ΔVIXt-2 . Which suggest shocks to the VIX up to lagged 2 days in the VIX have information content to predict unexpected changes in the current volatility of the emerging markets. On the other hand, we receive negative coefficients on ΔVXEFAt-1, and
ΔVXEFAt-2 but the former being insignificant and the latter marginally significant, suggesting that immediate volatility shock in the developed market does not carry predictive information for the emerging market volatility; however, emerging markets investors react at slower pace with anticipation that the unexpected shock in developed markets would not lead to increases in the volatility. Overall, the results from the VAR (2) specification suggest that the unexpected volatility shock generated in the US market leads to significant increases in both emerging market and developed market volatilities. The unexpected volatility shocks generated in the emerging and developed market do not affect the volatility of the US market; however, the emerging market shock significantly increases the volatilities of developed markets. This US volatility effect on the emerging markets volatilities reflects the underlying economic channel.
For instance, emerging markets' economies are heavily dependent on exports to the US and investments of US multinationals; therefore, emerging market investors would perceive any risk to the US equity market as a shock to the demand of their exports and a possible decline in investments. Furthermore, the results are consistent with the findings of Rizova (2013) who finds that emerging stock markets react gradually to the unexpected shocks of their trading partner countries therefore we see a lagged response from the emerging markets investors.
Similarly, developed markets excluding the US such as Japan and Germany etc. their economies are heavily exports dependent to the US and emerging markets so we see volatility spillover effects on the developed market volatilities.
Finally, the last row of Table 2 provides R   2 values for ΔVIXt, ΔVXEFAt, and ΔVXEEMt , which are very low, 0.73%, 5.47%, and 1.57%, respectively. Which suggest that the volatility dynamics of developed markets are relatively more predictable in comparison to the US and emerging market volatilities. Table 3 provides results for pairwise Granger (1969) causality tests, which establishes lead-lag relationships between these markets. The results further confirm our findings of Table   2 that the fear index significantly Granger causes developed and emerging market volatilities.
Surprisingly, developed markets do not causes the US and emerging market volatilities but emerging market significantly causes developed market volatilities.
Impulse Responses
Information on the sign and persistence of a shock in the VAR system can be gleaned from impulse response functions. For example, how long the effect of a unit shock to the volatility of one market would have on the volatility of another market. An impulse response function measures the responses of volatility in a VAR system to a unit shock in each volatility index.
We use the generalized impulse response function (GIRF) of Pesaran and Shin (1998), as it does not require orthogonalization of shocks and invariant to the reordering of the volatility variables in the VAR System. Somehow similar responses can be seen to a unit shock in the VIX and VXEFA. Nonetheless, the effect of a unit shock in each volatility index reaches to steady level after 7 periods and settle down at about 0.052, 0.046, and 0.059, respectively.
In sum the GIRF results suggest that the effect of a shock to each volatility index have long-run implications for the volatilities of each studied market, thus persistent. However, if
we compare the effect of each shock on each volatility index then the shock in the fear index has the strongest effect on both developed and emerging markets, the effect persists for about 7 days ahead. Which is consistent with the gradual diffusion of volatility information.
Variance Decomposition
While impulse response functions capture the effects of a shock to the volatility of one market to the other market volatility in a dynamic VAR system, whereas variance decomposition or forecast error decomposition allows us to split the forecast error variance into slices attributable to the various system shocks. For example, what percentage of the 1-step ahead error variance in predicting volatility index i is due to shocks in the other volatility indices (see Mills and Markellos, 2008; Diebold and Yilmaz, 2009) . Panel C of Figure 3 shows the variance decomposition of the emerging market volatility index (VXEEM) for 30-step ahead. As can be seen, VXEEM can forecast its own 1-step ahead error variance about 31.42%, and on average about similar explanation for 30-step ahead. On the other hand, VIX seems to dominate in 1-step ahead error variance forecasting for the emerging market volatility (VXEEM) as well, as VIX can predict up to 64.50% of the error variance for VXEEM, and on average about 63.77% for 30-step ahead. However, the forecasting ability of the developed stock market volatility is found quite low for the VXEEM.
The main conclusion drawn from the Variance decomposition results is that the fear index clearly drives the volatilities of both developed and emerging stock markets. As a shock to the fear index spillovers to both developed and emerging market volatilities and can explain the variance of volatility shocks to developed and emerging market volatilities on average about 57.07% and 63.77%, respectively. However, the spillovers from the other volatility indices to the fear index are negligible. One important observation from the spillover results can be seen that VIX influences emerging market more than the developed market. These results further verify our earlier results of VAR, and impulse response analysis.
Cross-market Linkages in Second Moments of Volatilities
The Multivariate GARCH-ADCC Model
We further investigate whether the US market, developed markets and emerging markets are dynamically correlated in second moments of volatilities. How strongly they are correlated, are their correlations time-varying or static? Are their correlations asymmetric? Answers to these questions are important for international investors. We employ the asymmetric dynamic conditional correlation GARCH model (ADCC-GARCH) of Cappiello et al. (2006) . It is a generalization of the DCC-GARCH model of Engle (2002) to account for the conditional asymmetries in correlation. ADCC-GARCH model allows correlations to vary over time, while it involves two-step procedure to isolate the dynamic conditional correlation process. In step 1, a univariate asymmetric GARCH model is fitted for each volatility residuals series (residuals are received from VAR (2) specification) and use the time varying estimated standard deviation to obtain standardized residuals series for each volatility index. In step 2, the standardized residuals (standardized volatility shocks) are used to estimate the time-varying dynamic conditional correlations. Let t u denotes a 1  n vector of volatility residuals at time t , which is assumed to be conditional normally distributed with mean zero and covariance matrix t V as
Where 1   t is the information set available at time 1  t , and the conditional covariance matrix t V is as
where t D is the diagonal matrix of time-varying standard deviations obtained from the fitted univariate asymmetric GJR-GARCH models at step 1, whereas t C is the time-varying conditional correlation matrix given by
is the diagonal matrix that is formed from the diagonal elements of t Q which is a positive definite matrix which follows the follows the asymmetric dynamic conditional correlation structure Table 4 reports the results for the ADCC-GARCH model of both step1 and step 2. In step 1, an asymmetric univariate GARCH model is fitted for each of volatility index residuals series (residuals received from VAR (2) specification). Results are reported in Panel A, as be seen the coefficient , i  , the GARCH coefficient is highly significant for all three volatility indices. It implies that shock to each volatility index is highly persistent, particularly the emerging markets volatility followed by the US volatility and the least persistent is the developed markets volatility. However, the shock to variance, i  , the ARCH coefficient is also found to be significant for each volatility index but the ARCH effect is high in magnitude for the VIX and followed by VXEFA and the least is found in the VXEEM. Finally, if we look into, i  , the asymmetric effect of negative and positive shocks of volatility on the volatility of each market, the VIX and VXEEM present asymmetric volatility; however, the asymmetry in volatility is found insignificant for the VXEFA. The sighs of the asymmetric effects are negative and consistent with the intuition that negative shocks to volatility indices decreases future volatilities which should be opposite in the case of return shocks. Table 4 reports the results for step 2, the ADCC results. The first row shows the average dynamic conditional correlations between the volatility indices over the sample period from March 16, 2011 to October 30, 2015. It is found that on average these volatility indices are highly correlated, correlation of 0.76 between the US and emerging market volatilities, followed by the US and developed market 0.73, and the least between developed markets and emerging markets about 0.71. The persistence in correlation between the pair is captured by 2  . As can be seen, the correlation between VIX and VXEFA is highly persistent followed between the VIX and VXEEM. The asymmetry in correlation between the pair is captured by g , as can be observed all pairs show asymmetry in correlations. Implies that simultaneous decline in volatilities between the pair and simultaneous spikes in volatilities have asymmetric impact on correlations. In summary, the ADCC-GARCH results provides some important findings: First, we assert that there is noticeable evidence that the fear index has higher time-varying linkages in second moments of volatilities with the developed and emerging markets over the sample period. In particular, the fear index and emerging markets are highly correlated and the dynamic correlation is more of persistent in nature. However, the DCCs between the developed markets and emerging markets vary over time and not that persistent. Second, the dynamic correlations among the markets increases during the crises periods, for example, as we can observe high degree of correlations during the third quarter of 2011, when the euro zone sovereign debt crisis erupts, and during the Chines stock market crises (third quarter of 2015); however, in the tranquil periods the DCCs among the markets decrease, that can be noticed in 2013.
In panel B of
Conclusions
In this paper, we investigate the cross-market volatility dependencies and spillover effects in both first and second moments of volatilities for the US, developed, and emerging stock markets. We use CBOE volatility indices as proxies for their respective markets for instance, the VIX index (for the US stock market), the VXEFA (for developed markets), and the VXEEM (for emerging market). We find significant cross-market dependencies in first as well as well as in second moments of volatilities. The fear index leads the emerging and developed market volatilities thus has information content for volatilities of both markets. An unexpected shock to the fear index spillovers contemporaneously to the developed and emerging markets and explain 57.07% and 63.77% their volatility shocks, respectively; while the effect of the volatility shock stays for about 7 days. Moreover, we find interdependencies in second 
